Validation of scientific findings from satellite remote sensing against local ecological knowledge could make the interpretation of forest cover patterns more robust. In this paper, we examine local perceptions of forest cover change in parishes around Budongo and Bugoma for a 30-year period , compare the results with those obtained from remote sensing (Twongyirwe et al., 2015) , and interrogate whether the perceptions could be related to livelihood typologies.. First, we characterise household strategies for the entire landscape to place livelihood strategies of communities in deforestated areas in a broader local context. An in-depth questionnaire was administered to 706 households in 13 parishes situated in 4 Agro-Ecological Zones (AEZs). The data included household demographic characteristics, energy use, cropping and livestock husbandry, and seasonal time-and labour-budgets. Principal Components Analysis (PCA) and Cluster Analysis (CA) were employed to help identify dominant structures in the data. Secondly, the 375 households in 7 parishes around Budongo and Bugoma forests (part of the 706) responded to additional questions that sought their perceptions on the forest cover trend. The PCA results for the entire landscape show that significant variation amongst households is mainly related to the cultivation time input, on-farm income particularly from cropping activities, livestock husbandry, demographic characteristics, agricultural extension activities, and cultivation labour input. Hierarchical CA shows that households at the landscape level fall into about nine different types, with variation in spatial distribution. The analysis suggests that poor households do live near forested regions, and that the rural poor are more reliant on forest products than peri-urban populations. Regarding perceptions of forest cover change, the majority (70.1%: n=375) of the respondents in the parishes think that there has been a decline in forest cover, and this percentage is larger than the percentage of non-respondents (18.9%), those that thought it had increased (5.6%), not changed (3.7%), and those that did not know (1.6%). In addition, perceptions on forest change were significantly related to the household livelihood typologies (X 2 =623.4, df=4, p=0.000): respondents who perceived forest cover as having declined and those that provided no response belonged to cluster 2 ("low income mixed farming households"), which is also the dominant livelihood typology around these forests. While the data largely suggest that there is a remarkable agreement between remote sensing results and local knowledge on forest change, and that local people may play a big role in filling data gaps where a dearth of information is prevalent (or where remote sensing evidence is fuzzy), there is a clear signal that people in different social classes and age groups can have very different views on what the change in forest might be despite what Landsat data show. This might have policy implications if decision makers tend to come from the groups that are not likely to have perceived forest cover change, or base their judgement on views from certain social classes. This implies that it is important to have the remote sensing data available as a counter balance to local perception (and vice versa) and therefore these data should be considered concurrently.
Introduction
Local perceptions of the historical and current status of forest cover can shed light on deforestation, forest gain and forest stability (Sheil and Wunder, 2002; Sunderlin et al., 2005; Agrawal, 2007) . Local perceptions are often context-specific in nature, enhanced by individual and group interaction with their socio-ecological settings, and are often based on a need for rural survival (Dei 1993) . Local perceptions of forest dynamics form a critical knowledge base that is especially beneficial in under-researched areas (Chalmers & Fabricius 2007) ,for instance in the region around Bugoma Agro-ecological Zone (AEZ), and where evidence from scientific techniques such as remote sensing produces imprecise results (Hansen et al. 2013; Tropek et al. 2014) . A combination of remote sensing data, GIS and local knowledge is ubiquitous in the literature (Lykke 2000; Southworth & Tucker 2001; Yiran et al. 2012; Shackleton et al. 2013; Sulieman & Ahmed 2013) . Whilst remote sensing can provide quantities of forest cover change (useful in informing management strategies) (Lambin 2002; Twongyirwe et al. 2011; Hansen et al. 2013; Twongyirwe et al. 2015) , we cannot obtain causal information and processes from these data (Chalmers & Fabricius 2007) . Such information can be revealed through interviews with local people (e.g. in Dalle et al. 2006; Chalmers & Fabricius 2007; Shackleton et al. 2013 ). However, local people's perceptions of forest cover change could be influenced by livelihood conditions particularly if forests contribute to their survival (Dei 1993) . For instance, while on-and off-farm incomes and related on-and off-farm activities may be indicators of rural people's dependence on forests to meet their day-to-day needs, the age of a respondent will affect trends that have been witnessed/recollected/perceived over the last 30 years (revealed by this study). Perceptions of forest cover change are therefore examined below in the light of rural livelihood characterisation.
Agriculture is the backbone of Uganda's economy (Fan and Zhang 2008) , and the agricultural sector continues to be viewed as a vehicle through which economic growth and development can be achieved, as stipulated in the National Development Plan in the Uganda Vision 2040 (G.o.U 2012) . Most agricultural production is associated with poor rural farmers who account for over 85% of the total population (UBOS 2007) . Rural livelihoods are embedded in complex agroecological systems, and are dependent on natural resources (e.g. forests, savanna grasslands). Farmers seek to maximise agricultural production, maintain a healthy household, cope with seasonal fluctuations, exploit market opportunities, manage risk through diversification to other economic activities, and accumulate wealth for their welfare (Bogdanov et al. 2008; Tesfaye et al. 2011; Chilongo 2014) . The majority must exploit the natural resource base to practice their livelihoods, resulting in land cover changes (de Sherbinin et al. 2008) . These changes may include deforestation in some parts of the country. In order to illuminate the key drivers of deforestation it will be important to understand the livelihood characteristics of households where dramatic deforestation has occurred (e.g. Budongo and Bugoma Agro-Ecological Zones [AEZs]; Twongyirwe et al. 2015) , and contrast them with regions without forest (e.g. the semi-arid and the peri-urban AEZs in this study).
There is a general lack of empirical understanding about how households in the Northern Albertine Rift Landscape use their resources in the face of changing economic and social conditions, yet this is critical for policy development, especially for designing sound agricultural and forestry policies (Pacini et al. 2014 ). Uganda's national censuses are conducted every decade, but they do not ask relevant questions for this purpose, and the raw data are unavailable for ethical reasons. This study therefore provides data for characterising rural livelihoods drawn from a new survey of households, including wide-ranging questions about household demographic characteristics, cropping and livestock husbandry, energy use, seasonal time and labour budgets.
The focus of the research is at the parish scale (each of which includes two to four villages, see Table 2 ) for two main reasons. 1) Local people's day-to-day activities are often place-specific (Ostrom and Nagendra, 2006) ; they may therefore be knowledgeable of events that occurred within their parish, but not at a larger 'regional scale' (which is > 5 times the size of their parishes). 2) Parish-scale analysis is considered as the finest resolution to represent local heterogeneity and has been used as a unit of sampling by similar forest cover change studies in Uganda (e.g. Sassen at al., 2013) . Villages tend to have few clustered households, and may therefore not provide representative data to understand the heterogeneity of local-scale processes. Details of sampling are provided in the methods section.
The overarching objective is to construct settlement and activity patterns (livelihood typologies) across the landscape with a view to understand potential factors contributing to forest loss outside the protected forest estate, on privately-owned landscapes, and to shed light on people's perceptions of forest cover change with a view to establishing whether these are related to their livelihood typologies. Specific research questions addressed include:
1. What are the key discriminators of livelihood characteristics in the landscape? 2. Are there distinctive household types, based on socio-economic characteristics in the region? 3. Are there identifiable spatial relationships of the household types to the AEZs? 4. What are local people's perceptions on forest cover patterns in their parishes? 5. Are local people's perceptions on forest change influenced by their age and livelihood typology? 6. How do local people's perceptions on forest change compare with changes reconstructed using satellite remote sensing for the 30-year period?
For the purpose of this paper, a household is defined as a primary unit of domestic production, reproduction and decision-making (de Sherbinin et al. 2008) . Typically, it consists of a group of people of various ages living together in the same housing unit, and eating from the same 'pot', and usually belonging to the same family. The surveys were conducted at household level, and only members living in the household at the time of the study were included in the household demographic analyses. Those that had migrated to work or study or because they are married were not included. A household livelihood type then refers to a number of households that have a similar multi-dimensional set of socio-economic characteristics, but that distinguish them from other households with different characteristics.
To some degree, household types differ between AEZs. The latter are defined using remote sensing analysis and a supervised classification procedure that is able to indicate wide-spread forest loss outside the large protected forests (Twongyirwe et al. 2015) . Climatic conditions around Budongo and Bugoma forests are dissimilar, and these are distinctive AEZs (Table 1) ; they also have different types of cash crop, and different local population compositions. In order to understand how livelihoods vary between forested and non-forested areas in the study region, semi-arid (parishes in Buliisa) and peri-urban AEZs (parishes in Hoima and Masindi towns) were included in the study.
In line with the Oxford English Dictionary, we define perception as "the way in which something is regarded, understood, or interpreted; intuitive understanding and insight" . In this context, knowledge of forest cover change may be built on individual 'perceptions' of the environment, and perceptions underpinned by actions, attitudes, livelihood and beliefs could shape their understanding of existing information. abundant bird species, high plant and tree species diversity (Eilu et al. 2004) , and an unmatched animal species diversity, most of which are endemic to this ecosystem (Plumptre et al. 2007 ).
The landscape has a gently sloping terrain, and a tropical climate with two rainfall peaks, in March to May and September to November (Eilu et al. 2004; Seimon 2013) . The region's ecosystem is threatened by widespread deforestation especially on privately owned landscapes that lie outside protected forest estate: the protected forests have remained intact (Twongyirwe et al. 2015) . Small-scale agriculture is the main way of life, with some limited commercial farming to provide raw materials for sugar, tea and tobacco industries in the region (Nangendo et al., 2010) . In contrast, people living in the urban centres are more involved in trading-based activities than agriculture. Oil was discovered in the Albertine Rift in the mid 2000s, and construction of an oil industry is under way in the region. The landscape has attracted many government and nongovernmental conservation and development organisations (authors' observation during fieldwork). It is not clear how development goals and conservation will work together in this landscape, or how this will influence livelihoods.
Selection of Study Parishes at the "Landscape scale"
Fieldwork was conducted from 1 st October, 2013-31 st March, 2014 in 13 parishes in 4 AEZs ( Figure  1 , Table 2 ). Parishes were selected initially by analysing remote sensing imagery to identify regions where significant forest loss has occurred (Twongyirwe et al. 2015) . The regions immediately adjacent to the protected forest blocks presented an interesting case as they had experienced dramatic deforestation. We also selected parishes from the semi-arid and peri-urban AEZs as part of the design to compare livelihood characteristics in the forested and non-forested regions. Approximately 20 parishes were initially selected using Google Earth and existing maps of the region. These were then assessed for accessibility, particularly the state of roads in rainy conditions, taking advice from experts in Kampala who have worked extensively in the region (e.g. from the Wildlife Conservation Society and the Albertine Rift Conservation Society), and from the district headquarters once in the field. Parishes where this was likely to be a problem were excluded, as were those where it was considered likely to be difficult to obtain essentials such as fuel, foodstuffs and first aid items (medicine) when these could not all be transported from Kampala. Finally, it was necessary to consider the safety of the research team, given that fieldwork was conducted in a period of political instability in the eastern part of Democratic Republic of Congo, and an influx of refugees was occurring into the region via Lake Albert. Given these additional criteria, the 13 parishes presented in Table 2 presented cases that it was practical to survey. 
Table 1 Description and characteristics of the Agro-Ecological Zones

Sampling Design: Transects and Randomisation
Within the selected parishes, the aim was to obtain a robust and unbiased sample of households to participate in the survey. This could not be achieved by locating households on high resolution remote sensing imagery and sampling at random, because of the prohibitive cost of the imagery; nor by using national census data because the household-level census data are not available for public use, and in any event, the last census was more than a decade out of date. However, a truly random sample would have resulted in very high transport costs. Instead, therefore, a transectbased randomisation technique was employed during fieldwork to select participating households.
Four graduate Research Assistants (RAs) were recruited from Makerere University and the Institute of Tropical Forest Conservation (ITFC) and were thoroughly trained in advance on administering the questionnaire including the ethical considerations and risk assessments. Once in the field, four field guides were recruited in each parish. The RAs and guides set off (walking) in four canonical compass directions from the approximate centre of the parish. The household inclusion technique was different for each assistant. The first took odd numbered households along a transect, the second included even numbered households, the third took prime numbered households (e.g. every 1 st , 3 rd , 5 th , 7 th , 11 th etc), while the fourth took every third in a line. These guidelines were intended to avoid consciously selecting certain households, mainly in crowded settlements -but the rules were relaxed if the households were located more than 1km apart. Distances between sampled households varied widely (between 50m to 1km), but it was possible to sample across different villages on the transects with this technique. Availability of a household leader (or adult respondent) willing to participate freely in the survey was also required, but the refusal rate was extremely low with only a handful in each area, usually because a person did not have the time to participate. GPS coordinates of the surveyed households were obtained (using Garmin GPS62), accurate to at least 2m.
Household Questionnaire Survey
Based on the above sampling design, questionnaires were administered to a total of 706 households (Table 2) . RT (lead author) oversaw the process and gathered specialist information from key informants. Within each parish, the Local Council 1 chairman ("LC1": lowest administrative unit, at village level) of one of the villages assigned a field guide to each of the RAs, partly to introduce the RAs to the respondents and to assure them of the local council leader's approval, but also to build rapport between the RA and respondents. The field guides also interpreted some questions where a language barrier was problematic.
Surveys were conducted at the respondents' homes, usually with the household heads, but in a few cases with the most senior and knowledgeable of the adults available. The questions covered household demographic characteristics (e.g. age, gender, off-farm income), energy use, cropping and livestock husbandry (e.g. farm size, crop histories, yields, number of and income from livestock, land tenure), and seasonal time-and labour-budgets. The purpose of the study was explained to the respondents, and anonymity of response, free, prior and informed consent (FPIC), confidentiality and data protection were all emphasised. Respondents were informed of a possibility to withdraw from participation at any stage they wished. Each household interview lasted, on average, between 45minutes and 1hour.
The languages used in the survey were English and Runyoro, with Kiswahili and some other dialects occasionally being required. The region has diverse tribes from within and outside the country. Where more specialised dialects were required, the field guides worked as interpreters. It was therefore essential that RT and the RAs spoke the major local dialects (Runyoro in Hoima and Masindi, and Rugungu in Buliisa), but even more important that the field guides were fluent in local dialects.
A wide range of variables were measured by the questionnaire survey, and these include variables that are both continuous (Supplementary Information 1) or categorical (SI 2) based on how the data were measured. The 83 variables in SI 1 are arranged in the order in which they were ranked according to the Principal Components Analysis (see sections 2.6.1 and SI 3).
Pilot study: The questionnaire was piloted with 24 households in Nyabyeya parish in Masindi district. This was to check for clarity of questions, duration of interview, and for the RAs to obtain hands-on-practice, especially in recording the information and keeping within the interview time limit. It was not necessary to adjust the questionnaire after the pilot, since all questions were found relevant, but slight changes were made to the ways in which some questions were asked. For instance, instead of asking if the respondent was a migrant/native, we asked for their tribe. (The native tribes in the region are Banyoro (in Hoima and Masindi) and Bagungu in Buliisa, so all other tribes were categorised as migrant irrespective of how long their members had lived in the region.
Parish-level Forest Change Perceptions Survey
We selected 7 parishes (no. of respondents=375) within a radius of 0 to 15km from Budongo ( Figure 2a ) and Bugoma (Figure 2b) forests, a subset of the 706 households described in section 2.2. For these households additional questions pertaining to forest cover change were administered (e.g. we asked the respondents to tell us if they perceived forest to have increased/declined/not changed in the last 30 years within their parishes, without necessarily asking for their opinion on the magnitude of the change). Because of the ethical related implications of deforestation, it was further stressed that the respondents had an option not to provide a response about forest cover change if they did not wish to.
Triangulation: Field Observations
The questionnaire was designed in such a way that some questions would 'self-check' previous responses; or that there should be a logical correlation as a form of "triangulation" (Erzberger and Prein, 1997 ). An example of a direct check is that we enquired about incomes spent on-farm from off-farm sources, and then tracked this when we asked for a breakdown of expenses on cropping and livestock activities. An example of a logical check is that the household should not use labour greater than the number of members that could reasonably provide it (e.g. when the elderly and infants are excluded), otherwise, extra labour would have to be out-sourced. Furthermore, the field team camped within the study parishes, and observed first-hand how people went about their dayto-day activities, including collecting firewood for cooking, fetching water, and working in the gardens, etc. This was useful to build rapport, but also enabled us to judge if responses were reasonable. In any case, all data were recorded as received, with the hope that "inaccurate data" might emerge as outliers. The results show rather consistent livelihood indicators, suggesting a successful data gathering campaign. The study was also supported by an extensive literature review of documents in government libraries (e.g. previous census records), key informant interviews, and published academic literature.
Data Processing/Analysis and Statistical Modelling
Descriptive statistics were computed for all continuous variables assessed in the questionnaire, which are mostly non-normally distributed p<0.05) . This exploration of the data was useful for understanding which statistical tests might be appropriate. Because the data-set consists of many variables (as shown in Supplements 1 and 2), it is useful to continue by screening the data for redundant variables. The questionnaire data provided a total of 83 continuous variables, with 706 observations of each. In comparison to much published literature (e.g. Bidogeza et al. 2009; Costard et al. 2009; Diwani et al. 2013; Chilongo 2014) , this constitutes a large amount of data, for which variable dimensional reduction is desirable prior to further analysis, but for which the total size of the data matrix provides confidence in the analytical outcomes. Dimension reduction was achieved using Principal Components Analysis (PCA) (using SPSS version 22) (see details in Supplment3). The reduced dimensional data-set from the PCA was then divided into clusters using a hierarchical agglomerative method.
Because the many variables subjected to PCA are measured in different units, and have very different absolute values, they were re-scaled using z-scores, so that they all had zero mean and unit variance. Each variable then contributes on average (100/n)% to the total (where n is the number of variables). The 'significant' PCs should contribute more to the total variance than this, and one method of determining how many components to retain from the analysis is to select only those for which the variance contribution is >100/n%. Using the scree diagram (Figure 3 ), Kaiser's rule (significant eigenvalues should be greater than 1) and the principle that the components selected should together explain at least 70-80% of the total variance (Jackson 1993; Bell et al. 2015) , we estimate that the first 17 PCs should contain most of the meaningful information describing household variation, leading to a total variance retained of 75.4%. These (17) were the components that were used in the cluster analysis, although a total of 22 "new variables" (Principal Component: PCs) fulfilled the 1.2% variance cut-off based on the rules above. The scree diagram shows some slight breaks of slope (at PC 3, PC6, PC12, and PC22), after which there is a gentle decline, and remaining PCs account for less than 1.2% of the variance [(100/83)%]. The results are shown in tabular form in SI 4. Different variable groupings correlate strongly with each component and are interpreted (as variable category) and highlighted in the Table in SI 5. The components are then labelled according to the variables that load strongly onto them. Essentially, significant variation in the households is mainly related to the cultivation time input (PC 1), on-farm income particularly from cropping activities (PC 2), livestock husbandry (PC 3), demographic characteristics (PC 4), agricultural extension activities (PC 5), and cultivation labour input (PC 6), which account for 21.6%, 8.6%, 5.7%, 4.9%, 4.4% and 3.7% of the total variation respectively (Tables 3 and 4) . By contrast, livestock income (PC 20), usage of forest products (timber and poles) (PC 21), and off-farm income (PC 22) were the least important variables contributing only 1.5%, 1.4% and 1.3% to the total variation in the data respectively (Tables SI 4 and SI 5). Selecting the number of clusters is a somewhat subjective, exploratory process; choosing different numbers of clusters can result in different conclusions about classification results. Boundaries between clusters can be drawn at similarity levels just before clusters are combined, and the outcome generally favours a balance between too few clusters (with high internal variance) and too many (which complicates interpretation) (Vickers et al. 2003; Holland 2013) . Here Nine distinct clusters were identified, based on the occurrence of 'long stems' (shown by the point at which the blue lines intersect with the red line - Figure 5 ) at the rescaled cluster combined distance of approximately 11, allowing a clear separation of household types according to livelihood characteristics. The clusters have a variable number of sub-clusters. In particular, cluster 2 is the largest, accounting for 30.2% of the total number of households (n=706) and having a sequence of four sub-groups that join together at increasing levels of dissimilarity. Cluster 7, which accounts for 8.8% of all sampled households, has two groups that join at a relatively low level of similarity. The remaining clusters 1, 3, 4, 5, 6, 8 and 9 account for 13.5%, 12.5%, 12.6%, 5.1%, 5.2%, 3.5%, 6.1% of the total number of households (n=706). Only 2.5% of the households were unclassified due to missing data. The characteristics of the household clusters are summarised in Table 3 .
To assess the relationship between respondents' perceptions of forest cover change against their livelihood typologies, we used a chi-squared test. Age was categorised with those below 30 years grouped in one category, while those above 30 years are in age groups in 10-year increments. This is to elaborate perceptions of those that have lived longer than the study period (30 years), and compare them with the younger respondents. A chi-squared test of the relationship between age and perception of forest cover change was computed. All p<0.05 was considered significant.
Results
Demographic characteristics of sampled households
Aggregate descriptive statistics of all continuous variables gathered during fieldwork are summarised in SI 1. It is of interest to report the demographic characteristics of the households sampled, and to consider the pattern in relation to census data. A population pyramid for all members of the sampled households, both the nuclear and extended families, is shown in Figure 4 . The pyramid is typical of a rapidly growing population with the majority household population consisting of a large number of children below the age of 20, and very few elderly people, although there are some marked differences in the bins of age groups under 16 (Figure 3) . Households in the forested regions (Budongo and Bugoma AEZs) mostly belonged to cluster 2 (low income mixed farming households), accounting for 60.7% and 45.2%, of the total surveyed households in Biiso and Busingiro parishes in Budongo AEZ, respectively; and 34.7%, 57.1% and 25.4% of households surveyed in Bubogo, Igwanjura and Kyangwali (Bugoma AEZ), respectively. In Budongo AEZ however, Kibwona parish is dominated by cluster 3 (low income crop specialist households), where households are involved in an out-grower sugar-cane production scheme alongside other food crops, while Nyabyeya has a more mixed composition although dominated by cluster 1 (moderate income, livestock specialist households) (Figure 6 ). Within the sampled households, there is a lack of cluster 7 households (richest, "elite" mixed farming and trading-based households) in all the parishes in Budongo and Bugoma AEZs except for Bubogo and Igwanjura, and even then, these have a low representation, at 2.0% and 1.8% respectively.
Figure 6
Cluster membership per Agro-Ecological Zone; clusters computed from 17 principal components using Ward's method As expected, the peri-urban AEZ is dominated by cluster 4 households (limited cultivation households with moderate off-farm income), accounting for 22.4%, 30.6% and 41.1% of the surveyed households in Westernward (Masindi), Southernward (Masindi) and Mparo (Hoima) respectively. Kasingo (Hoima) is however dominated by cluster 2 households accounting for 25.9% of the total surveyed households. The peri-urban AEZ also has the highest percentage of cluster 7 households (richest, "elite" mixed farming and trading-based households) compared to the other AEZs accounting for 12.1%, 10.2% and 14.3% in Westernward (Masindi), Southernward (Masindi) and Mparo (Hoima) respectively. Kasingo parish has the smallest percentage (only 3.7%) of cluster 7 households amongst the peri-urban AEZ parishes.
In the semi-arid AEZ, however, cluster 2 (low income mixed farming households) is most dominant, accounting for 32.8% and 50.0% of the total number of surveyed households in Kisansya and Kigwera respectively. There is also a mixture of cluster 4 (limited cultivation households with moderate off-farm income) particularly in Kisansya (27.6%), where households are involved in fishing in Lake Albert, and cluster 1 (moderate income, livestock specialist households) mostly in Kigwera (23.2%) households that are involved in free range grazing of cattle and goats.
The other clusters are in varying proportions across the different parishes in the four AEZs, indicating marked variation in the household livelihood characteristics at the parish-scale.
Local People's Perceptions of Forest Cover Patterns: A Comparison with Remote Sensing Analyses
While some respondents declined to answer the question about trends in forest cover (between 15% and 31% in the seven parishes), and even fewer were "don't knows" (0% to 6%), the majority considered forest cover to have declined (between 56% and 77%). However, a sizeable minority (between 1% and 21%) considered forest cover to have increased. The sample around Bugoma AEZ was more consistent in the perceptions of a forest decline, although more mixed responses are recorded in parishes around Budongo (Figures 7 and 8d ). Possible reasons for the variation in the perception of forest change are considered in the following sections.
A comparison of the respondents' responses to the remote sensing analyses of forest cover change shows agreement in the data, generally indicating forest loss in regions around Budongo and Bugoma AEZs (Figure 8a ). For instance, in Nyabyeya parish (Budongo AEZ) there is a mixture of responses on forest cover patterns, and this corresponds to mixed patterns of forest loss/gain/stability (computed from Landsat imagery) within the landscape (Figure 8a, b, c) . This is similar to other parishes around Budongo AEZ, although forest cover patterns in Biiso and Busingiro parishes appear to be less well perceived when compared with the remote sensing analyses. This is related to the relatively smaller forest cover in Biiso, while a large percentage of the forest area in Busingiro parish that has persisted lies under the protected region (see also Figure 2 ). Otherwise, all forest cover outside the protected region was lost.
Around Bugoma AEZ, on the other hand, the responses are highly consistent with the remote sensing results. The largest part of each of the parishes lies outside the protected area. The largest percentage of respondents in Bubogo, Igwanjura and Kyangwali parishes highlighted that forest cover had mostly declined, which is consistent with the remote sensing results (Figure 8a , b, and c). 
Perceptions of Forest Cover Patterns by Respondent's Age
While there is a general agreement that forest cover has declined in the last 30 years, younger people (aged 15-29) who comprise the majority of the respondents are more likely to think of the forest as declining compared to the older categories except in Biiso where people aged 60+ are more inclined to believe it (X 2 =237.6, df=66, p=0.000). The other response categories are mixed amongst all the age groups where varying perceptions were recorded, especially in parishes around Budongo (Figure 9 ).
Overall, the average age of the respondents is greater than the length of the period under investigation (30-years) in all surveyed parishes, at 39 years (95% Confidence Interval, henceforth "CI": 37.3, 40.6), and this varied by parish although not significantly. At parish level, on average, the oldest respondents in decreasing order around Budongo are: in Biiso at 44.5 years (95% CI: 39.8, 49.2), Busingiro at 38.8 years (95% CI: 35.1, 42.4), Nyabyeya at 38.2 years (95% CI: 34.2, 42.1), and Kibwona at 37.1 years (95% CI: 32.6, 41.5). Around Bugoma forest, the oldest respondents were in Bubogo at 39.0 years (95% CI: 33.1, 44.9), followed by Kyangwali at 38.5 years (95% CI: 34.5, 42.5), and Igwanjura at 38.2 years (95% CI: 33.6, 42.9). 
Perceptions of Forest Cover Patterns by Livelihood Typology
There is a strong signal that livelihood typologies are significantly (X 2 =623.4, df=4, p=0.000) related to perceptions on forest change : respondents who perceived forest cover as having declined and those that provided no response mostly belonged to cluster 2 (low income mixed farming households), although this could be because this is the dominant livelihood typology around Budongo and Bugoma forests. Cluster 7 households (richest "elite" mixed farming and trading-based households) are generally lacking in this part of the landscape, but a handful of respondents who belonged to this group perceived forest cover as either having declined or provided no response ( Figure 10 ). The other typologies are in rather small proportions.
Discussion
There are several issues that this analysis could highlight, but discussion in the following sections is structured to address the research questions posed in section 1. We first address the important variables driving the household classification, and the proportions of different clusters in each Agro-Ecological Zone (AEZ). Then we explore potential hypotheses on the spatial distribution of household types relative to the 4 AEZs, and note possible implications of this for deforestation.
Key Discriminators of Livelihood Characteristics in the Landscape
The application of a Principal Components Analysis (PCA) to reduce redundancy in the large set of field data gathered was successful: 83 original variables were compressed to 22 principal components accounting for 75% of the variance. The PCA particularly highlights variable groupings that are the most important discriminators of dissimilarity in the entire data. Significant variation was related to agricultural time input (PC1), on-farm income particularly from cropping activities (PC2), livestock husbandry (PC3), demographic characteristics (PC4), agricultural extension activities (PC5), and cultivation labour input (PC6). These are discussed in turn.
The backbone of the rural economy has its basis in agriculture (Fan and Zhang 2008) : this is the main source of food, with the surplus sold for income to purchase basic needs (e.g. salt, clothing, pay children's school fees, medical expenses, etc). Depending on the Agro-Ecological Zone, households spend varying amounts of time and labour on agricultural activities (e.g. opening up agricultural land, weeding, harvesting, postharvest handling, etc). However, households in the periurban and semi-arid AEZs tend to spend less time on agricultural activities. The majority of households still use rudimentary low-input technologies, and therefore spend more or less time on agricultural activities based on the amount of labour, time (season), tools available, and farm size, among other factors. These activities are routine during both the dry and wet seasons, and therefore are a priority, depending on the development stage of the cultivated crops. This is shown by the positive correlation between the cultivation time variables.
The largest contribution to household on-farm income is from crop sales. Households, particularly in cluster 3, obtain relatively higher crop yields which boosts their income from sales from the surplus. Households in Kibwona parish present a peculiar case, as some of those that participated in the survey are part of a sugar-cane out-grower scheme. Their total yields are therefore considerably boosted by their involvement in the sugar industry, although their yields from other crops are similar to those in the other parishes in Budongo AEZ. Low yields in cluster 7 households, who have the largest farms and better access to technology, could be related to low labour input (related to the small household size).
Livestock husbandry is relatively common in this region, although more pronounced amongst households in the peri-urban and semi-arid AEZs. They typically keep small ruminants (goats and sheep) and pigs, and very few cattle. Livestock, particularly cattle, in the semi-arid AEZ (and other parts of the region) are viewed as a wealth status symbol in society. These households (mainly in the semi-arid AEZs) keep moderate animal numbers, but of low quality (largely malnourished due to limited and seasonal availability of food and water). Small ruminants are preferred to larger animals due to housing space limitations, although most of the grazing is of the free range type: animals are allowed to roam on large communal fields under supervision of a member of the household (especially in the semi-arid AEZ). In places where there is a mixture of cropping activities and settlements, households opt for the tethering grazing method, which controls livestock movement and avoids crop raiding.
Household demographic characteristics are generally similar, with medium to large household sizes that include both nuclear and extended families. The population pyramid shows a very large percentage of the population is under 20 years of age, an indicator of a rapidly growing population. The population growth rate in the landscape is one of the highest in the world, estimated at nearly 4% per annum (Bongaarts 2009 ). There are some marked variations in the bins for males and females under the age of 16, and the causes of this are not obvious. This could be due to sampling biases where households with more males under the age of 10 are included, or to mortality rate differences in children by gender; or perhaps some issues regarding age reporting. The level of education is generally low, the majority having only attained primary education (between primary 4 and 7). This does not vary much across AEZs, except for a few elite households living mostly in peri-urban areas (with members having education up to university level). This could relate to the distribution of schools in rural areas, where there are fewer per parish compared to the peri-urban areas, as well as the challenge of agricultural labour being provided by school-age children. Further research is required to understand the causes of early drop-out from education.
Participation in agricultural extension activities stands out as a key variable. Agricultural extension activities include trainings in particular agronomic practices, pest and disease control, appropriate livestock management practices, amongst others. Some households have limited access to agricultural extension services and have stated that they are not visited by the government extension, and agricultural advising officers. Local governments hire extension officers at subcounty level but these are too large to be managed by one staff member who often has poor facilities due to budget constraints. Households that attend extension services to the greatest degree are those in cluster 8, although some activity is recorded in clusters 5, 6, 7, and 9. These are mostly in rural areas which take part in agricultural production.
Due to limiting factors on production in the rural areas, households diversify with various enterprises for their survival. A variety of the activities are found in the mid-table of the PCA matrix, including trading goods and merchandise in shops, selling agricultural produce from home, or in village markets; however, factors such as livestock income, quantity of forest products used (particularly poles and timber) and off-farm income contribute the least to variation in the data. Households typically do not depend on livestock products; besides livestock numbers are generally too low to enable them to dispose of any for income. Recorded sales during the data gathering period were only a handful. Moreover, few households are however involved in off-farm employment both in the public and private sectors. In the private sector, households predominantly from the semi-arid AEZ, close to Lake Albert, engage in fishing to supplement their incomes. Other jobs include providing informal labour to the sugar-cane industry especially by households in Nyabyeya and Kibwona parishes around Budongo AEZ. While it would be expected that the use of forest products (poles and timber) would be a good discriminator of those households close to natural forest, this surprisingly ranks low in the PCA model. It may be that poles and timber are poor indicators of dependence on forest products -but these are products that were relatively easy to quantify (as they have fairly easy dimensions to measure, making volumes consumed easy to compute), unlike those such as medicinal plants, wild fruits, papyrus reeds among others. The data show that households living near forests do access these products (poles and timber), but in relatively small quantities. It is difficult to judge if the correct quantities were reported, and if these products were a source of income, or if they were only used in construction of housing; the latter may be the case, meaning that relatively few poles and timber products would be required.
Agro-Ecological Zone Cluster Composition: Examining Spatial Patterns and Livelihood Adaptation
The data show that households that live around forested regions in Budongo and Bugoma AEZs are mostly low-income earners (belong to cluster 2: low income mixed farming households) and are more dependent on forest products for their livelihoods than their peri-urban and semi-arid AEZ situated counterparts. They are caught up in what is arguably a vicious cycle of poverty that contributes to environmental degradation (de Sherbinin et al. 2008) . They have relatively large household sizes, and as they struggle to sustain them by providing the basic needs (food, shelter, clothing, education, medication, etc), with the limited on-farm and off-farm income, they seek extra livelihood from their environment. Poverty leads to high fertility due to demand for farm labour, ('insurance births' owing to high infant mortality): high fertility then contributes to large households which further increases demands for food and resources from an essentially static resource base (de Sherbinin et al. 2008) . The deforestation patterns identified in Twongyirwe et al. (2015) may to some extent be explained by this, except perhaps in regions where commercial cultivation of sugar-cane, and illegal large-scale logging are key forest loss drivers. Studies have shown that forest dependent people are poorer, live close to the forest, and have lower livestock and crop income (de Sherbinin et al. 2008; Tesfaye et al. 2011) .
Unlike the other parishes in the Budongo and Bugoma AEZs, Kibwona and Nyabyeya (both in Budongo AEZ) show striking differences. Kibwona is dominated by cluster 3 households (low income crop specialist households), which are mostly dependent on sugarcane production as part of the out-grower scheme alongside other food crops. The out-grower scheme is a franchise-based program where farmers are given start-up capital in kind (e.g. the company clears land, does the planting, weeding, pest control, application of fertiliser, and harvesting) provided they offer their land for sugar-cane production in a contract of often more than 5 years (at least 3 ratoon-harvests 1 : estimates from a key informant). The investment costs by Kinyara Sugar Works are then deducted from the final annual payments made to the farmer after buying the sugar-cane from them. While further research is required to understand if the sugar-cane industry is improving the socioeconomic status of participating households, the data show that they on average remain low income earners. This is possibly due to the fact that the payments are one-offs, made on an annual basis. Because the farmers offer up their land for commercial sugar-cane production, they are then left with rather small pieces on which they grow their food. Households in Nyabyeya parish thrive mostly on livestock husbandry. This may be associated with the Budongo community-based conservation project that provided goats to households surrounding Budongo forest as a way to boost their household incomes as an incentive to co-manage and protect the forest (information from a key informant based at the National Forest Authority). In general, households around the protected forest blocks diversify into several activities to boost their livelihoods as indicated by the mixed cluster composition, although the tendency for them to be poorer than those in the peri-urban areas is higher. There is, for instance, a lack of cluster 7 households (the richest, "elite" mixed farming and trading-based households) in both Budongo and Bugoma AEZs except for Bubogo and Igwanjura parishes which have a small number of cluster 7 households. Unsurprisingly, the peri-urban AEZ is dominated by cluster 4 households (limited cultivation households with moderate off-farm income). Typically, urban dwellers are less involved in crop cultivation to earn a living, but more in off-farm formal and odd jobs. They own the smallest farm sizes, and invest the least time and labour in agricultural production. They purchase most of their food from local markets which source it from more rural areas. Additionally, they have a larger number of cluster 7 households (richest, "elite" mixed farming and trading-based households) compared to other AEZs. This could be related to the availability of social services (e.g. schools, markets) closer to them than the rural counterparts. Kasingo however, has dissimilar characteristics from the peri-urban AEZs, and is more similar to the rural AEZs, with the highest number of households belonging to cluster 2 (low-income mixed farming households). While Kasingo is within Hoima town council, the surveyed households live in the suburbs, and have more rural livelihood tendencies with space to engage in small-scale agriculture (mixed crop and animal husbandry).
The semi-arid AEZ livelihood dynamics are mixed; similar to Budongo and Bugoma AEZs, cluster 2 households (low-income mixed farming households) are dominant. The majority of the households are typically poor, and although they lack access to the natural forests, their livelihoods are diversified. This region is mostly dry and receives dry monsoon winds from the East African coast which essentially restricts cropping to those crops that can bear long stress periods (e.g. cassava and maize). The striking pattern of homogeneity in households along the transects (e.g. cluster 4 and 2 households in Kigwera) is corroborated by a study that found that although settlements are scattered, where there is clustering, such groups belong to the same ancestry (SNV 2012). These families also own or rent land in Ngwedo village (see Figure 1 for location) where they have gardens mainly for subsistence farming. Cluster 4 households (limited-cultivation households with moderate off-farm income), particularly in Kisansya parish, are involved in fishing in Lake Albert to supplement their incomes while cluster 1 households (moderate-income, livestock specialist households), especially those in Kigwera parish, are involved in free range grazing of cattle and goats. The customary land tenure system is one that favours free-range grazing, but is a disincentive to cultivation even though the soils and climate might be able to support dry-land crops (SNV 2012). Over-grazing is common, and often leaves the land bare, especially in the dry season (observed during fieldwork), and the stocking densities are reportedly high among a few migrant cattle farming settlers referred to as "Balaalo" (SNV 2012) . From the study by SNV (2012), overgrazing was strongly linked to the migrants. On the contrary, the residents travel 10-15km away to cultivable areas each season in a migratory manner; where some family members involved in crop production camp in Ngwedo until the crops are grown and return to Kisansya and Kigwera (surveyed parishes) to be part of the social life of the larger family.
Local People's Perceptions on Forest Cover Change: Role of Age and Livelihood Typology
There is wide agreement between remote sensing data analysis and local people's perceptions about forest cover change around Budongo and Bugoma; particularly, as is the case from remote sensing analysis, the majority of the respondents noted that forest cover has declined in regions outside the gazetted areas, but protection of Budongo and Bugoma is remarkably successful. The mixed responses in some parishes around Budongo may be related to the spatial pattern of forest cover where persistence, losses, and gains all occurred during different periods of the 30 years (see Twongyirwe et al., 2015) , although the temporal trend is one that shows a decline overall. For instance, in Nyabyeya, the spatial difference map of 1985 and 2014 shows a mixture of large regions of forest gain and losses (see Figure 2a , 8a), and it is possible that the respondents could have perceived the spatial coverage near where they live to represent what was happening in the entire parish. It is unclear whether this could also be related to the 1999 forestry policy change. The policy involved dissolution of the forest department, and creation of four semi-autonomous forest bodies: National Forest Authority, Uganda Wildlife Authority, District Forest Services and Forest Sector Support Division (for details see Jagger 2008 ).
Because of the illegal nature of some deforestation practices, the survey allowed an optional response to the question about the perceived trend in forest cover within the respondent's parish. The data show that overall, a relatively large number, 71 out of 375 (18.9%) declined to provide a response, ranking second to those who perceived forest cover as having declined (70.1%) in the last 30 years. The reasons for this remain rather speculative. It could be that they are involved in illegal harvesting of trees from the forest. A study elsewhere within the Albertine Rift region shows that people illegally dependent on natural resources are afraid of being reported to local authorities and can only provide responses under strong assurance of protection (Tumusiime et al., 2011) . Although the data gathering team was highly trained on administering the questionnaire and in ethical issues related to the study, scepticism from the respondents could not be ruled out in spite of our assurance to protect them.
The data also show that age of the respondents is significantly related to their perception of forest cover patterns, where, although there was wide agreement on forest decline amongst all age groups, younger people were more likely to think of forest as having declined compared to the older ones. The survey included household heads who were below the age of 30 (but mostly above 20 years) as part of the design to minimise sampling bias provided they were on the transects taken during fieldwork. The data show that the parishes around Budongo and Bugoma have a similar age structure, and as shown by the population pyramid (Figure 4) , the majority of the population in the landscape is young. This age structure is corroborated by the previous census (e.g. in the 2002 census, children below 18 years constituted 56% of the population while those below 15 constituted 49%, in a total of 24.4 million, UBOS, 2002 UBOS, , although recent [2014 unpublished estimates show that the current total population is around 34.9 million). Aggregate statistics, however, show that the average age of the respondents is between 37.3 and 40.6 years, suggesting that a good number of the respondents are old enough to have experienced the period (30 years) under investigation. There is a high probability that they may have witnessed most or part of the forest cover change processes within their parishes. Perceptions on forest cover change are therefore likely to be shaped by what they have witnessed and by possible involvement in illegal activities for their livelihood. The disparity in the responses on perceptions of forest cover change by age group, particularly why younger people were more likely to think of forest cover as having declined requires further investigation.
Additionally, statistical evidence shows that livelihood typologies are significantly related to the perceptions of forest cover change. Poorer cluster 2 (low income mixed farming) households are generally located near the protected forests, Budongo and Bugoma. As pointed out by the household survey data and by key informant opinion, it is suggested that they supplement their livelihood from use of forest products. It is therefore not counterintuitive for most of them to think of forest cover as having declined in relation to their poverty status if they depend on forests for their livelihood.
In the light of these findings, our study shows that remote sensing data and local ecological knowledge should be used concurrently. Local ecological knowledge can be skewed by livelihood status and the age of the respondents, and can therefore not be taken as "unquestionable truth" when validating results from remote sensing. In spite of these limitations, it is unlikely that the wider picture of the on-ground situation is likely to be severely obscured if the sample size is reasonably large.
Conclusions
From the Principal Components Analysis (PCA), the data show that cultivation time budgets, onfarm income especially from cropping activities, livestock husbandry, and household demographic characteristics are among the major sources of variation in household livelihood socio-economic status; while the use of forest products (poles and timber), and off-farm income, are the least variable factors. The region is predominantly agrarian, with different crops suitable for different areas, and therefore time requirements for crop production turned out to be the main difference in the livelihood typologies. Varying crop yields and farm sizes contributed to the disparity in the onfarm incomes earned across the region. As a livelihood adaptation strategy, households kept varying numbers of livestock based on affordability, availability of grazing land, prestige, and time to look after the animals, among other factors. The region generally has large household sizes averaging between 6-10 members, and the population pyramid is typical of a rapidly growing population (which is likely to exert more pressure on the already constrained and fragmented resources, with implications on further future forest loss). The data show on the other hand that poles and timber are not widely used forest products amongst the surveyed households, and therefore, perhaps, a poor surrogate of forest product dependence. Households adjacent to the forests do, however, rely to some degree on other forest products such as firewood (this was quantified), and other non-quantified products (e.g. medicinal plants, bush meat, etc) reported in key informant interviews. As few members in the households are involved in off-farm activities, off-farm income is also a poor discriminator of the livelihood status.
The cluster analysis from this paper shows that cluster 2 (low-income mixed farming households) is dominant in the region, and is the category most common amongst rural households located in parishes around Budongo and Bugoma AEZs, as well as the semi-arid AEZ. Peri-urban households mostly belong to cluster 4 (limited-cultivation households with moderate off-farm income). Households adapt to livelihood constraints in the various AEZs by diversifying to different agricultural enterprises. For instance, many types of crop are grown on small plots within each season, often with intercropping, or further splitting the already small pieces of land to accommodate each crop. On average 3 to 4 different kinds of food crop are grown per household per season. The majority of the poor households live near the forests, and are dependent on forest products (other than poles and timber, as these are not clearly picked out in the data) to boost their livelihoods. In all AEZs, households keep livestock (although few) to boost their incomes (especially in a crisis), and for provision of milk. In the peri-urban AEZ, there is a mixture of offfarm employment, and some small-scale farming to support the livelihoods in those areas.
Further analyses and the implications of these results in the wider context of land use and deforestation are explored in the people's perceptions to forest cover change. However, in spite of the criticism regarding the subjective nature of a PCA and cluster analysis suitable for exploratory analyses (Vyas and Kumaranayake 2006) , we argue that the results produced are meaningful and convincing. The PCA was able to compress a rather large data set (83 variables) into a few interpretable dimensions (22 components). The clusters constructed are appropriate as they have been able to meaningfully delineate the different livelihood characteristics in the four AEZs. Essentially, the data indicate that policy interventions targeting rural livelihood enhancement ought to be focused, emphasising more local-scale strategies.
In addition, there is strong agreement between data from remote sensing and local people on the trend of forest cover change in parishes around Budongo and Bugoma forest in the last 30 years. This agreement generally stresses that forest loss outside the protected forest is widespread but protection of the gazetted Budongo and Bugoma is successful with clear boundaries (defined using a combination of physical features; e.g. rivers, roads, and boundary markers) albeit with some illegal encroachment. Data from local informants is largely credible, although it needs to be interpreted against its specific context (as seen from mixed responses around Nyabyeya for instance) and corroborated with key informant sources (and available literature).
Lastly, there is statistical evidence that age and livelihood typologies are related to perceptions of forest cover change, although reasons for younger people thinking of forest cover as mostly having declined compared to the older ones remains a question for further research. Additionally, judging the influence of livelihood quality on perceptions of forest cover change is inherently complex. Although perceptions of local people on forest change and livelihood typologies have been shown to be statistically related, it could be that such parameters play a role in shaping views on environmental processes, but do not in themselves provide a complete understanding of human psychology. For instance, perceptions about forest decline might be age dependent (especially for the 30 year trend analysis), but other factors (e.g. education, wealth status, etc) may interact in a complex manner to shape perceptions and knowledge on forest cover change. Even though statistical analyses provide some hints, they may only explain a small portion of what we can see and comprehend. For these reasons, the analyses can only enable us to speculate on potential reasons for the interactions, and further studies are required to test the results. 
(a) Principal Components Analysis
In simplest terms, a PCA is a dimension reduction technique that condenses the total number of original variables to a smaller set of meaningful "new variables" which are scores or loadings of each original element onto the new dimensional space. The selected principle components are then used in a cluster analysis.
In a high-dimensional data-set with multiple response (y) and predictor (x) variables, Principal Components Analysis (PCA) is a well-established approach for mining the 'important' response variables. PCA is a form of multiple linear regression (see equation below: Vyas and Kumaranayake 2006), where lines (vectors) are drawn through a multi-dimensional data-set such that the sum of squared distances from the line to all points in the data is minimized (Bell et al. 2015) . PC1 = a11X1 + a12X2 + . . . + a1nXn . . PCm = am1X1 + am2X2 + . . . + amnXn Where amn represents the weight of the mth principal component (PC) and the n th variable (Vyas and Kumaranayake 2006) . The first vector becomes the first Principal Component (PC), with the projection of the data onto this component explaining a 'large' fraction of the overall variation in the data. A second vector (second PC) is orthogonal to, and thus uncorrelated with the first, and is constructed in a similar way. This is repeated to generate n orthogonal vectors, where n is equivalent to the number of input variables. As successive components are computed, they explain additional but lesser variation; the n th PC explains a greater fraction of the data than the (n + 1) th .
The set of PCs is a rotation of the original multi-dimensional space so that all original variables have a 'loading' along each PC, with high loadings indicating high correlation between the original variable and the PC, essentially reducing the effective variable set by removing redundancy (Bell et al. 2015) . To define what each PC means, we identify the original variables correlating most strongly with the components. Thus, PCA produces new variables (components) that can be given meanings in terms of the measurements in the original data-set; in which the variance is concentrated into fewer components; and through which redundancies in the original data-set are exposed, to provide opportunities to generate a simplified variable set.
The appropriateness of applying a PCA to the data (with 706 households, and 83 variables) was confirmed using two tests. Upon running the Kaiser-Maier-Olkin test (KMO) a solution of 0.78 was obtained (essentially a 'good' goodness-of-fit of the PCA model: 0.90+ is often described as "marvellous", in the 0.80's as "meritorious", in the 0.70's as "middling", in the 0.60's as "mediocre", in the 0.50's as "miserable", and below 0.50 as "unacceptable": Holland 2013). Bartlett's sphericity test was significant (Χ 2 =98326.6, df=3403, p=0.000). Bartlett's test of sphericity evaluates whether each sequential eigenvalue is significantly different from the remaining eigenvalues (Jackson 1993) . If the data are overly correlated or independent, then a PCA may not be successful, hence the need for the KMO and Bartlett tests (Bidogeza et al. 2009 ). Categorical variables are generally not included in the Principal Components Analysis as scaling them produces meaningless results.
Prior to running the PCA, the data were standardised using z-scores. The key principle of matrix standardisation is to give every column a zero mean and unit standard deviation; this ensures that each variable has the same weighting in the analysis, particularly as the data are of different types and were recorded using different units (e.g. yields in kg, incomes in UGX, time budgets in hours, etc) (Vickers et al. 2003 ) that have significantly different absolute values.
Varimax rotation was used to produce components with loadings concentrated onto a smaller number of highly correlated variables than the initial PC set as an aid to interpretation (Bell et al. 2015) . All components which account for at least 1.2% of total variation were retained. This decision was based on the following. From the 83 variables, which after standardisation (suppose each variable has a unit variance), each variable contributes, on average, 1.2% (100/83) to the total variation. Each PC that accounts for more than 1.2% of the total variation is therefore more important than the original variable. This effectively reduces the dimension of the data from 83 (original variables) to 22 (new variables, PCs in this case).
(b) Cluster Analysis
Cluster analysis is used, in this research, to identify socio-economic groups of households. Its classification outcomes are strictly dependent on the input variables used, and are often the scores of individual cases on the main (orthogonal) components derived from a PCA, rather than the values of correlated original variables (Ottaviani et al. 2003; Mayer et al. 2014 ). However, different clustering results are possible for different sets of input variables. As more variables are included, more distinctions can be made, for instance (in this case), between poor and very poor households (Vyas and Kumaranayake 2006) .
There are two main clustering methods: agglomerative and divisive. The first of these involve agglomerative hierarchical clustering that produces small clusters of very similar items embedded within progressively larger clusters of increasingly dissimilar items. This approach is useful when we lack information on the data structure, and it is therefore difficult to predetermine the number of clusters into which to divide the data. Here, the approach is to build clusters that minimise within-group variance relative to between-group variance at each stage in the hierarchy. The second method is non-hierarchal classification (e.g. K-means clustering, that partitions n cases into k clusters) which are dependent on assuming the number of clusters a priori. This requires successive splitting of the original data. The solution can possibly also converge to a local optimum which is not actually consistent with some clear cluster structures in the data; this can be heavily influenced by the starting conditions for the algorithm, as with most optimisation problems.
An agglomerative hierarchical clustering was adopted in this research because it was not obvious how many household types might be revealed by the data. Starting with individual cases, the two most similar households were joined, then the next most similar, and so on (with the growing clusters replacing individual households in the agglomeration process). This continues until all households have been joined into a single large cluster, and the results are presented in a dendrogram. The criteria for clustering used the Euclidean distance between objects, and Ward's technique. Ward's method is widely used in the literature (Bidogeza et al. 2009; Chilongo 2014; Bell et al. 2015) , and is based on minimising the within-group sum of squares, and produces compact well-defined clusters (Holland 2013) . It is better than the nearest-neighbour or singlelinkage method which is based on the elements of two clusters that are most similar, and the farthest-neighbour or complete-linkage method based on the elements that are most dissimilar, and the median, group average, and centroid methods, as all these emphasise the central tendency of clusters and are less sensitive to outliers.
Household Classification: Cluster Analysis
Clustering is an exploratory data mining technique that attempts to group objects (in this case, households) of similar kind into classes or types (Ottaviani et al. 2003; Mayer et al. 2014) . A cluster analysis is typically performed on a 2-dimensional data matrix involving cases and variables, where columns are variables and rows are cases (households). Often, the variables used are the 'significant' components defined by a prior PCA, and the number of components retained is based on 3 criteria. 1) The scree diagram, where a change in gradient distinguishes components with large from those with small eigen values (or variance contributions). 2) Kaiser's rule which states that eigenvalues should be greater than 1. 3) The principle that the components selected should together explain at least 70-80% of the total variance (Jackson 1993; Bell et al. 2015) . In this research, all of these rules were considered, and the first 17 PCs were retained, each of which has an eigenvalue ≥1, leading to a total variance retained of 75.4%.
Following PCA we constructed a dendrogram using Ward's method applied to the first 17 components ( Figure 5 ).
SI 4 Total variance accounted for by the first 22 Principal Components (rotated solution)
This Table complements the scree diagram shown as Figure 3 in the text.
SI 5 Rotated Component Matrix -loadings of variable per component
This Table shows how the 83 original variables load onto the first 22 components, and the names given to the components. 
Figure 9 Perceptions of forest cover change in the last 30 years in parishes around Budongo and Bugoma by age group
While there is a general agreement that forest cover has declined in the last 30 years, younger people (ages 15-29) who comprise the majority of the respondents believed more that forest cover had declined compared to the older categories except in Biiso where more 60+ perceived forest cover as having declined.
Figure 10 Relationship between perceptions on forest cover change and the household clusters
Households mostly belong to cluster 2 (low income mixed farming households); although statistical analysis using a chi-squared test indicates that perceptions on forest change are significantly related to the household livelihood typology (cluster). The 10 unclassified households around Budongo and Bugoma are excluded from this analysis. High involvement in agricultural production activities, highest off-farm income, moderate on-farm income, low yields, high involvement in livestock husbandry, most involved in agricultural extension activities, high time spent on grocery shopping and food preparation, moderate labour allocation to food preparation and fetching water, relatively high use of forest products (poles and timber), relatively high household sizes, moderate on-farm expenditure, no pest control activities, moderate education levels, highest total number of agricultural implements, high amount of time spent on and volume of firewood gathering, moderate amount of time selling agricultural produce and livestock income, moderate forest product use (poles and timber), moderate off-farm income, mixed proportions of housing unit types and land ownership regimes, mostly use firewood as the main energy source for cooking, gathered from multiple sources Richest, "elite" mixed farming and trading-based households 8 Highest cultivation time and labour input, highest yields and on-farm income, largest household size (both nuclear and extended), highest education level for children, highest labour input for food preparation and fetching water, highest amount of time spent on gathering firewood, highest amount of time spent of food preparation, low forest product use, moderately involved in extension activities, moderate farm sizes, moderate onfarm expenditure, not involved in pest control activities, moderate number of agricultural implements, moderate livestock incomes, moderate off-farm income, mixed proportions of housing unit types, land ownership mostly under the customary systems, mostly use firewood as the main energy source for cooking, gathered from multiple sources Moderate income, mixed farming agricultural extension activity oriented households 9 Highest cultivation time and labour input, highest yields and on-farm income, largest household size (both nuclear and extended), highest education level for children, highest labour input for food preparation and fetching water, highest amount of time spent on gathering firewood, highest amount of time spent of food preparation, low forest product use, moderately involved in extension activities, moderate farm sizes, moderate onfarm expenditure, not involved in pest control activities, high number of agricultural implements, moderate livestock incomes, moderate off-farm income, mixed proportions of housing unit types, land ownership mostly under the customary systems, mostly use firewood as the main energy source for cooking, gathered from multiple sources 
No_other_relatives_HH
Number of relatives other than those that comprise a nuclear family in a household: these include grandparents, cousins, nieces, uncles, aunts, etc
Tally of relatives other than those that comprise a nuclear family in a household No_other_relatives_male Number of male relatives other than those that comprise a nuclear family in a household
Tally of male relatives other than those that comprise a nuclear family in a household No_other_relatives_female Number of female relatives other than those that comprise a nuclear family in a household Responses were often given as number of hours spent on the activity in a day, and how many times they do this in a week if it is a routine activity, or of a one-off activity, how many days are spent on it in a season. Most recent period was considered easiest to remember, in this case the dry and wet season activities of 2013. HH -household. *** farm land size was reported in 'garden' sizes, and we clarified what the average size of a garden is to enable computation of the total farm size in ha. r -radius, h -height, L -length, w -width. Estimates of dimensions were obtained from samples available in the household. 
